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Abstract 
Liver imaging using abdominal CT images has been widely studied in the recent years and is a challenging task. Processing CT 
image includes the automatic diagnosis of liver and lesions part. Because of the high intensity similarity between liver tissues and 
nearby organs of liver it is difficult to segment liver and tumor. Segmentation of extracted region as an imaging biomarker forms 
an essential component of “Radiomics”. This paper presents automatic liver tumor segmentation from abdominal CT scan 
images. A statistical parameter-based approach is used to distinguish liver tumor tissue from other abdominal organs. The 
existing segmentation methods such as region growing and intensity based thresholding methods are investigated. First, the CT 
images are preprocessed by filtering to remove noise from the image. Then the statistical mean-based thresholding is applied to 
extract the tumor. After applying median filtering, isodata threshold is used to turn the image into binary with tumors as black 
spots on white background. Finally postprocessing as filtering techniques like mean filter and median filter and morphological 
operations are performed to remove residues. This paper highlights liver tumor segmentation analysis which has the potential as a 
imaging biomarker for “Personalised cancer imaging”. 
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1. Introduction 
The liver is the largest organ in the human body. It is also a vital multifunctional organ present in vertebrates, 
playing a key role in digestive function and metabolism. Liver cancer, which is the most common cancer, is more 
serious. Liver cancer can cause death. Segmentation of tumors from liver in CT scan image is very difficult due to 
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very close variance of tumors and dense liver tissues. Manual segmentation of these abnormal tissues may result in 
misdiagnosis due to human errors. Automatic medical image segmentation1 is a key step in computer aided imaging. 
Tumor is defined as the abnormal growth of the tissues. Liver tumors are two types one is primary tumor and 
second one is secondary tumor. The liver can be affected by primary liver cancer, which arises in the liver, or by 
cancer which forms in other parts of the body and then spreads to the liver. Most liver cancer is secondary or 
metastatic, meaning it started elsewhere in the body. Primary liver cancer  (hepatocellular carcinoma) tends to occur 
in livers damaged by birth defects, alcohol abuse, or chronic infection with diseases such as hepatitis B and C, 
hemochromatosis (a hereditary disease associated with too much iron in the liver), and cirrhosis. More than half of 
all people diagnosed with primary liver cancer as malignant (cancerous) have cirrhosis - a scarring condition of the 
liver commonly caused by alcohol abuse. Hepatitis B and C and hemochromatosis can cause permanent damage and 
liver failure. Liver cancer may also be linked to obesity and fatty liver disease. Secondary type of tumors are benign 
(noncancerous) tumors, and some are cancerous and can spread to other parts of the body (metastasize). 
“Radiomics” is a recent image science of high throughput extraction of large amount of imaging features which 
have the potential for development of imaging biomarkers to guide personalised cancer management2,3.  The 
underlying hypothesis for this study was to apply various segmentation models that can quantify the spatial variation 
in the inherent architecture of individual liver tumor and will help to approximately capture imaging “Radiomic” 
feature 2, 3, 4. 
 
1.1. Related Work 
Several algorithms for automatic liver and liver tumor segmentation have been proposed in the literature. 
A segmentation of the liver is obtained using intensity histogram transformation and maximum a posteriori 
classification resulting in a binary mask. After morphological processing of the mask, the tumors are located in 
image by a statistically optimal gray level threshold1. A multi-stage automatic hepatic tumor segmentation method5 
hepatic tumor is segmented by using the optimal threshold value with minimum total probability error. A 2D plain6 
locates tumors after simple gray level distribution estimation, and final 3D segmentation is obtained by combining 
the results of 2D plains. A hybrid method7 consists of a customized fast-marching level-set method for detection of 
an optimal initial liver region from multiple seed points selected by the user and a threshold-based level-set method 
for extraction of the actual liver region based on the initial liver region. Integrated error model that estimates the 
reliability of the observed conditional features and subsequently relaxes the conditional statistical shape model is 
presented8. A three-step pipeline consisting of conditional feature extraction from a maximum a posteriori 
estimation, shape prior estimation through the novel level set based conditional statistical shape model with 
integrated error model and subsequent graph cuts9 segmentation based on the estimated shape prior is applied to 
automatic liver segmentation from non-contrast abdominal CT volumes. An automated method10 to segment liver 
and tumor from abdominal CT scans and liver tumor features to classify into two benign and malignant tumor. First, 
the CT images are pre-processed by Gaussian filter to remove noise from the image. Then the liver is segmented 
using region growing method and then post-processing is done by morphological operations. The automated 
computation of hepatic tumor burden from abdominal computed tomography (CT) images of diseased populations 
with images with inconsistent enhancement11. The tumor is segmented from liver image by performing thresholding 
operations. To extract the boundary of a tumor, the semi-automatic12 approach is adopted by randomly selecting 
samples in 3D space within a limited region of interest (ROI) for classifier training. The automated segmentation of 
livers is addressed first. A novel 3-D affine invariant shape parameterization is employed to compare local shape 
across organs. A geodesic active contour corrects locally the segmentation of the livers in abnormal images. Graph 
cuts segment the hepatic tumors using shape and enhancement constraints. Liver segmentation errors are reduced 
significantly and all tumors are detected. Finally, support vector machines and feature selection are employed to 
reduce the number of false tumor detection. A hybrid image processing17 method is presented based on spatial fuzzy 
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C means clustering combined with Mumford Shah model. In image processing Mumford shah model is used for 
minimizing an energy function involving a piecewise smooth representation of the image. 
2. Methodology 
2.1 Region Growing Method 
 
 The Region growing13, 15, 16 method is explained as follows  
 
x Seed Point Selection 
The initial seed point that represents region of interest (tumor area) is selected using MRI input image. The seed 
point selection is not fully automatic as they need user interaction to select a seed point within the tumor region. 
 
x Morphological Operation18 
The image reconstruction is done using morphology reconstruction using seed point. 
  
x Region of Interest 
The region of interest is obtained by connecting all pixels with 8-connectivity.  
Finally morphology closing operation and filtering is used to fill the gaps in tumor area. 
 
2.2 Intensity based Thresholding Method 
 
 In this method preprocessing, thresholding and post-processing are applied to extract the cyst14, 19 regions in 
liver. Processing steps and segmentation18 of CT scan is as follows: 
 
x Preprocessing 
In this processing extract the green channel component from input image then Median filtering is applied to reduce 
salt and pepper noise. A median filter is more effective than convolution when the goal is to simultaneously reduce 
noise and preserve edges. 
 
x Thresholding 
In this three times thresholding is applied. First the threshold value selected to remove lower intensities. Second 
thresholding is applied to convert image into binary masking. The objective of binary mask is to mark pixels that 
belong to true foreground regions with a single intensity and background regions with different intensities. Third 
thresholding is applied to extract tumor part for this threshold values is chosen as region of interest (tumor area). 
 
x Post-processing 
In this post-processing after thresholding morphological operations such as erosion, reconstruction, and dilation are 
applied. Morphological operations were performed to remove the unwanted regions and to extract tumor part.  
 
x Erosion 
Erosion operation is performed on the selected image (I) and used to split the image’s weakly attached regions. The image 
was eroded by an octagonal structuring element. The eroded image I1 would have several disconnected regions and was 
obtained using (1).   
I1=IӨB                                                     (1) 
Where B is the Disk structuring element with a size of 5X5. 
x Reconstruction 
Morphological reconstruction of the image marker under the image mask. Marker and mask can be two intensity images 
or two binary images with the same size. The returned image I1 is an intensity or binary image, respectively. Marker must 
be the same size as mask, and its elements must be less than or equal to the corresponding elements of mask. The 
Reconstructed image I2 was obtained by using (2). 
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I2=I1ӨA                                           (2) 
A is output of threshold binary image. 
x Dilation 
Dilation operation is performed on I2 to recapture the liver tissues that were lost in process of erosion. This operation is 
done by using the structuring element that was used for erosion. The dilated image I3 was obtained by using (3). 
I3=I2ӨB                                          (3) 
2.3 Statistical parameter based segmentation 
 
 The proposed statistical parameter based segmentation is explained as follows: 
Step1:  Consider CT scan image of liver as input image. 
Step2:  Extracting green channel component from RGB input image. 
Step3:  Apply spatial linear filtering on gray scale image to remove noise.  
Considering 3*3 neighborhood of f(x,y) 
 
f(x,y) =  ቎
ሺ െ ͳǡ  െ ͳሻ ሺ െ ͳǡ ሻ ሺ െ ͳǡ  ൅ ͳሻ
ሺǡ  െ ͳሻ ሺǡ ሻ ሺǡ  ൅ ͳሻ
ሺ ൅ ͳǡ  െ ͳሻ ሺ ൅ ͳǡ ሻ ሺ ൅ ͳǡ  ൅ ͳሻ
቏              (4) 
 
 
 
Now also considering 3*3 window mask W(s,t) 
 
W(s,t) = ቎
ሺെͳǡെͳሻ ሺെͳǡͲሻ ሺെͳǡ൅ͳሻ
ሺͲǡെͳሻ ሺͲǡͲሻ ሺͲǡ൅ͳሻ
ሺ൅ͳǡെͳሻ ሺ൅ͳǡͲሻ ሺ൅ͳǡ൅ͳሻ
቏      (5) 
 
 
 
Step4:  Performing sliding window smoothing spatial filter technique to the image obtained after step 3.  Weighted 
average (mean) of image is obtained from g(x,y) shown below. 
g(x,y) =  
σ σ ௪ሺ௦ǡ௧ሻ௙ሺ௫ା௦ǡ௬ା௧ሻ್೟సష್ೞೌసషೌ
σ σ ௪ሺ௦ǡ௧ሻ್೟సష್ೞೌసషೌ

            (6)
 
Step5:  Histogram analysis is performed on statistical parameters values of tumor and non tumor regions of image.   
Step6:  Statistical mean threshold is fixed to extract the tumor part. If the mean values of gray scale image falls in 
the range of threshold it is represented as 0(black) otherwise 255(white). 
Step7:  The resultant image contains tumor part with residue whose characteristics are similar to noise. So, to 
remove the residues filtering techniques like mean and median filters are applied. 
Step8:  Even after applying filtering techniques fine amount of residues can be seen. So, to remove remaining 
residues morphological operations like Dilation, Erosion operations are applied. 
Step9:  By performing the above steps tumor part can be extracted from the original liver images with tumor. 
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3.  Results and Discussions 
A data set of 50 CT scan liver tumor images are considered for the analysis. The data set is considered in such a 
way that liver tumor size and structure is different from one image to the other. The experimental analysis is done 
with MATLAB R2012b.The proposed method is modelled based on mean histogram analysis on a data set. Results 
are shown in Fig 1, Fig 2 and Fig 3 for one input image of the data set.  
Region growing method outputs are shown in Fig 1; Fig 1.c shows the seed points of selected input image (Fig 
1.a). Fig 1.h is a region growing method’s output image after morphological operation it is noticed that tumor is 
segmented but there is a residue along with tumor. Intensity-based method outputs are shown in Fig 2, Fig 2.c is 
output after first threshold applied on input image (Fig 2.a). Fig 2.h is intensity-based method’s output image after 
morphological operation applied on final threshold image (Fig. 2.f), it is observed that tumor is segmented but with 
small residue. It is observed that above mentioned methods do not use any texture characteristics and non tumor part 
is also segmented along with tumor part. Proposed statistical parameter-based segmentation outputs are shown in Fig 3; 
Fig3.c shows output after mean threshold applied on gray scale image of input image (Fig 3.a). Fig3.d shows image after 
a median filter is applied on statistical mean threshold, then to avoid residue morphological operations performed on 
Fig3.d. Finally the segmented image is shown in Fig 3.f. Proposed method shows good results without any residue in 
image, whereas in the existing techniques residue is observed. The proposed method segments tumor with efficient texture 
analysis when compared to existing techniques. The mean threshold values are selected based on histogram analysis and 
hence reduces the complexity of proposed algorithm. 
                
                  
Fig. 1 (a) Original input image; (b) Green channel component; (c) Seed points of input image; (d) Region growing image of (c); (e) Segmented image-
region growing; (f) Image after median filtering on (e); (g) Image after closing operation on (f); (h) Image after filling operation and Tumor segmented. 
 
 
                   
                   
Fig 2 (a) Original input image;  (b) Green channel component of (a); (c) Image after applying first threshold; (d) Masking with input image; (e) Image after 
applying final threshold; (f) Eroded image of (e); (g) Reconstructing image of (f); (h) image after filling operation and Tumor segmented . 
 
 
 
a b c d 
e f g h 
a b c d 
e f g h 
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Fig. 3 (a) Original input image; (b) Gray scale image; (c) Statistical mean threshold image; (d) Median filtered image of (c); (e) Image after Morphological 
operations on (d); (f) Tumor segmented image. 
Grey Level Co-occurrence Matrix (GLCM) is used to provide information about the texture of an image and 
features like contrast, correlation, energy, and homogeneity is shown in table 1 for existing and proposed methods. It is 
observed that homogeneity, energy and correlation are improved for proposed method. 
Table 1.  Grey Level Co-occurrence Matrix (GLCM) comparisons of existing and proposed method. 
Method \parameter Homogeneity Energy(J) Correlation Contrast 
Region growing  0.973 0.7833 0.92 0.5879 
Threshold  0.9837 0.8153 0.9552 0.3228 
Proposed Method 0.9848 0.8543 0.9581 0.2869 
4. Conclusions 
The region growing, intensity-based thresholding and proposed statistical parameter-based segmentation 
methods are used to Segment tumor from CT scan. It is observed that the above mentioned methods are less 
complex when compared to other available methods and can be used as quantitative radiomic signature for studying 
tumor biology Region growing method extract the tumor but there is a residue along with tumor. Intensity-based 
method extract the tumor but it does not use any texture characteristics. Here a blind threshold is applied hence 
thresholding techniques cannot be used effectively. Proposed statistical parameter-based segmentation shows good 
results with efficient texture analysis. Proposed statistical parameter based segmentation is fully automatic as it does 
not involve user interaction.  
Our analysis has the potential as a prognosticating radiomic signature that will help us capture tumor 
heterogeneity  and if applied in clinical science will give an opportunity to improve decision -support at low cost. 
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